ABSTRACT Traditional disturbance observer techniques have limitations for multi-input multi-outputcoupled systems, time-varying systems with large parameters, and complex systems which are difficult to obtain accurate model, such as the human musculoskeletal arm system. The neural network has advantages of generalized approximation ability, learning ability, and self-adaptive ability. Therefore, this paper develops an adaptive neural fuzzy inference system disturbance observer-based control to achieve the point-to-point control and the path tracking control of the end point of the musculoskeletal arm model. The adaptivity is improved by adjusting the learning algorithm of neural network parameters and the network structure in real time. The uncertainty of the inverse model of the system is solved by constructing a pseudo-system. The adaptive neural fuzzy inference system is used to identify the inverse model of the pseudo-system and to design a compound controller based on feedback control method. The stability is analyzed by Lyapunov function in detail. Furthermore, internal disturbances are suppressed by the learning algorithm of the adaptive neural fuzzy inference system network while external disturbances may be estimated by the multi-input multi-output disturbance observer at the same time. Simulations are performed to verify the point-to-point control and the path tracking control. Results demonstrate that both of the adaptivity and the accuracy are enhanced so that the system can achieve accurate tracking control of any arbitrary trajectory.
I. INTRODUCTION
Human arm movements can be dexterous and sophisticated due to the interaction of extensions and constrictions of arm's muscles. However, once our central nervous system or arms are injured or impaired, such as paralysis or amputation, our motor nervous system will be weaken followed [1] . How to make use of the modern medical technology to solve the problem has attracted many physiologists and robotic researchers. Functional electrical stimulation (FES), which belongs to the category of neuromuscular electrical stimulations, uses a certain intensity of low frequency pulse current to stimulate a group of muscles or groups of muscles through a predetermined program to induce the muscle movement [2] , [3] . In order to properly provide the electrical current amount, the study of reaching movement controls are needed to help patients accomplish complex motions. However, since the human arm has kinematic and dynamic redundancies during the motion, many researchers devote to design various controllers to achieve reaching movements of the human arm with musculoskeletal arm model.
In the early researches, the human arm's reaching movements are viewed as an optimal control problem by Morasso [4] . They propose an assumption called spatial control hypothesis, i.e., the central commands of human movements may be coordinated not in the joint space but in the task space. Therefore, it is essential to construct a human arm model and design a precise control strategy for better applying the FES in clinical practice. For the first problem, many researchers focus on a two-DOF musculoskeletal model of an arm consisting of six muscles [5] , [6] . Using the two-DOF musculoskeletal model, authors present an open-loop control method to implement the hand grasping and other tasks [7] .
Although open-loop control is relatively simple to achieve, it requires very precise control parameters and behaves poor when the system encounters disturbances. Therefore, studies are paying increasingly attention to feedback control systems since they can transmit error signals in real time to continuously improve the system performance [8] , [9] . Authors propose an optimal controller based on the theory of variation of extremals to perform reaching motions to final states via minimization of an objective function [10] . The difference between their work and Zadravec's work [11] is that they concern the prediction of motion trajectories which may make the control more precise.
With the development and the application of the intelligent control, increasing researchers who are interested to apply advanced and intelligent control strategies to reaching movements of the human upper extremity [12] , [13] . Authors design a evolutionary diagonal recurrent neural network (EDRNN) controller which is combined the genetic algorithm with evolutionary program strategy [14] . Then, they conclude that their controller has faster converging rates and is more efficient in trajectory tracking experiments than a pure genetic algorithm searching method by several simulate experiments. Authors propose an actor-critic architecture to apply the FES in clinical trials. Their controller adopts neural networks for both the actor and the critic network [15] . Finally, they design a proportional derivative control system which can toggle between fast and slow parameters to achieve both rapid learning and long-term stability. Authors develop an adaptive optimal neuro-fuzzy controller to the MIMO musculoskeletal arm model to realize reaching movements of the human arm [13] . By comparison with other methods, they prove that their controller has more adaptivity so that muscles' forces are optimized during reaching movements.
Most of researchers use the Hill-type human musculoskeletal arm model with two joints, six muscles. Nevertheless, few researchers discuss unknown external disturbances and dynamic uncertainties of non-linear multi-input multi-output (MIMO) musculoskeletal arm model. Authors firstly propose to estimate dynamic uncertainties of an exoskeletal upper extremity [16] . They present a fuzzy approximation-based adaptive back-stopping controller to ensure the forearm tracking any continuous desired trajectory. Authors develop an extended state observer-based integral sliding mode control for an underwater robot with unknown disturbances and uncertain nonlinearities [17] . Other researchers also study advanced nonlinear control approaches devoted to deal with dynamic uncertainties and disturbances, such as the time varying input delay compensation for nonlinear systems with additive disturbances [18] and robust adaptive precision motion control of hydraulic actuators with valve deadzone compensation [19] . From applications, the disturbance observer (DOB) has been successfully used to many industrial areas, such as mill grinding circuits [20] , airbreathing hypersonic vehicles (AHV) [21] , robotic systems [22] and so on. The DOB may effectively estimate uncertainties of dynamic models and unknown external disturbances which is usually used as a feedforward compensation part. The DOB can be applied to linear systems and nonlinear systems. It also has the advantage that it does not need to distinguish the internal and external disturbances [20] .
In this paper, a MIMO adaptive neuro fuzzy inference system disturbance observer based (ANFIS-DOB) control is proposed to achieve the point-to-point control and the path tracking control of the end point of the human musculoskeletal arm model. It takes the Hill-type arm model with two links and six muscles. It is difficult to achieve the accurate control, due to the strong nonlinearity, model uncertainties and unknown external disturbances of the nonlinear system. To solve the problem, a MIMO DOB is designed to estimate uncertainties of the nonlinear MIMO dynamic model and unknown external disturbances. An ANFIS network is applied to restrain the internal disturbance causing by model parameters. The rest of the paper is organized as follows. The human musculoskeletal arm model is explained in section 2. The MIMO DOB and the ANFIS-DOB controller are detailed introduced in section 3 and section 4. Simulations and results of the point-to-point control and the path tracking control are illustrated in section 5 with discussions. Some conclusions have been given in the conclusion part.
II. HUMAN MUSCULOSKELETAL ARM MODEL
The human arm is usually composed of three parts: the upper limb, the forearm and the wrist. These three parts are connected to each other through their respective rotational joints and we can accomplish a variety of flexible and complex tasks by cooperations among them. In this paper, we consider the wrist and the forearm as an integrity and neglect the gravity effect, so that the human arm can be simplified into a 2 DOF planar arm model as shown in Fig.1(a) . The joint torque of the human arm is generated by the interaction between six muscles attached to the corresponding joint and links as shown in Fig.1(b) . These muscles are assumed to be massless and muscles' torque of the corresponding joint has the relation of the joints' angle and the muscles' tensile force.
A. DYNAMICS OF THE ARM MODEL
Using the Lagrangian formulation, the dynamic equation of the two-links planar musculoskeletal arm model can be described as follows [13] :
In Eq. (1), matrices M, C and D denote the inertia term, Coriolis and centrifugal effects term, and joints damping coefficients term. The specific forms of above three matrices are defined as: 
In Eq. (1), the muscles' tensile force is denoted by
T . W is the Jacobian matrix from the muscle velocity space to the angular velocity space. Furthermore, with the theory of the virtual work, we can achieve the relation between the joint torque T and the muscle tensile force vector F as follows
where a 1 , a 2 , a 3 , a 4 , a 51 , a 52 , a 61 , a 62 are moment levers of corresponding muscles. In Eq. (2),
2 are respectively terms of inertia, mass, length and the center of mass of the upper limb and the forearm. cθ and sθ represent cosθ and sinθ respectively.
B. KINEMATICS BETWEEN THE MUSCLE AND THE JOINT SPACE
According to simple geometric knowledge, the relation between the position vector X = [x e , y e ] T of the end-point of the arm and the angle vector θ = [θ 1 , θ 2 ] T of two joints can be described as follows:
where θ 12 represents θ 1 +θ 2 . L 1 and L 2 are lengths of the upper limb and the forearm respectively. J is the Jacobian matrix from the end-point velocity space to the angular velocity space. According to the biology knowledge, the length of six
where a 1−4 ,b 1−4 and a 51 , a 52 , a 61 , a 62 are lengths of the four mono-articular muscles and two biarticular muscles (as shown in Fig.1(b) ). Physical parameters of the musculoskeletal arm and muscular parameters are set as in Table 1 and  Table 2 .
III. ANFIS STRUCTURE
The main advantage of a Fuzzy Inference System is that it allows to deal with some systems which is difficult to design control strategy based on mathematical modeling such as nonholonomic systems. But the main disadvantage of the fuzzy system is that it needs a knowledge of an expert and needs a long time to get accurate membership functions. Neural network, or more generally adaptive systems based on learning process (i.e. cluster learning, so on), can make up for this disadvantage and improve the basic fuzzy system. For instance ANFIS, which is based on both neural networks and fuzzy inference systems, is a class of adaptive fuzzy inference system. In this section, we remember briefly the ANFIS architecture initially proposed by Pascal and Claude [24] .
The neural network of the ANFIS structure is illustrated in Fig. 2 . Assume that a control system with inputs x 1 , x 2 and one output y, the n linguistic rules R i can be expressed as:
, n where i is the index of the rule, A ij is a fuzzy set for i-th rule and j-th variables and ω ci is a real number that represents a consequent part. In the present case, the membership function is defined as gaussian functions:
Taking product operator as the T-norm, we have
Noting W = [w c1 , w c2 , . . . , w cn ] T and defining the function
] T , the output of the neural network is given by the following equation:
And the function V z is used to minimize :
where y is the output of the neural network and y d is the desired output. In this case, it is possible to use the nearest neighbor clustering learning algorithm to update parameters a ij , b ij and w ci in order to minimize the function V (z).
IV. ANFIS-DOB CONTROLLER A. INVERSE MODEL IDENTIFICATION OF MIMO SYSTEM
For a MIMO system, as one channel is identified, the coupling term of other channels can be treated as the input of the identification neural network, which can improve the accuracy of the identification network. Assuming that the pseudo system of the the MIMO system (Eq. (1)) exists, for the i-th channel, the pseudo system is constructed as
In Eq. (10), u i (k), y i (k) and η i (k) are respectively the input, the internal state and the output of the pseudo system. τ is the time delay of the system. β i is the adjustable parameter. n y and n u are orders of the MIMO system. Here, n y , n u and τ are certain. Depending on the inverse ANFIS identification structure of the i-th channel's pseudo system (as shown in Fig. 3 ), the output of the ANFIS identification is written aŝ
Property 1.1: For an arbitrary given ε and an input-output data pair (u i , y), there must exist an optimal cluster radius b * ij , making the ANFIS network has the following relation,
Proof: Taking the nearest neighbor clustering learning algorithm to update the ANFIS network, the output of the ANFIS is expressed aŝ 
The identification error is defined aŝ
where e 0 (k) is the difference between the input of the system and the output of the ANFIS network. The aim of the identification is to minimize theê(k). According to the property 1.1, since the ANFIS network takes the nearest neighbor clustering with variable clustering radius, there exists an optimal clustering radius to make
where ε is an arbitrary small constant. Therefore, the output of the ANFIS network u i may approximate to the input of the MIMO system with an arbitrary small precision. That is, the accurate inverse pseudo model can be obtained. Ordering
∂u i (k−τ ) = 0, the following relation may be obtained
Defining
To prevent ϕ i (k) = 0 at the beginning, β i is noted by
where ρ i is an adjustable parameter and ς i is a small positive constant.
From the above section, the W can be regulated by the radius of the nearest neighbor clustering learning algorithm in real time, which is expressed as
where ζ is the weight of online learning algorithm of the ANFIS network, acting an important role in the convergence and stability of the ANFIS network. W (k) is the increment weight of W(k). Property 1.2:
2 , the inverse model identified by the nearest neighbor clustering learning algorithm of the ANFIS network is stable.
Proof: Define the following Lyapunov function as
According to Eq. (13) and Eq. (15), the increment of the weight may be obtained,
Imitating Eq. (17), we can get following relations
The relationship between the increment of errors e 0 (k) and the increment of weights W (k) may be written as 
From Eq. (20), it is obvious that there exists e 2 0 (k) > 0 and
it may make V < 0. Once ζ satisfies 0 < ζ < 2/ ∂û(k) ∂W (k) 2 , the ANFIS inverse identification model obtained from proposed learning algorithm is asymptotically stable.
B. DOB OF THE MIMO SYSTEM
The ANFIS-DOB controller is showed in Fig. 4. C(s From Fig. 4 , the output can be written as following form,
And it can easily obtain following relation
The output of the DOB is expressed as
In Eq.23, the function P(s) (P(s) = P 11 (s) P 12 (s)
) is the inverse function of G(s),
The compound control law of ANFIS-DOB is expressed as,
The disturbance estimation error of the MIMO ANFIS-DOB is defined as (24) can make disturbance estimation errors e d1 (t) and e d2 (t) asymptotically tend to 0. That is, the feedforward compensation term of the control rate can asymptotically suppress system disturbances.
Proof: Substituting Eq. (21) into the definition of the disturbance estimation error, we get
According to the final value theorem, Eq. (25) can be calculated as follow
According to assumptions 1.1 and 1.2, the steady state value of Q(s) is 1, and both of d 1 (∞) and d 2 (∞) exist bounded steady state values. Therefore, the value of the Eq. (26) is
It is revealed that disturbances of the MIMO system can be suppressed by the proposed ANFIS-DOB with appropriate selection of Q(s).
Assuming M and C are observational values of M (θ ) and C(θ,θ ) after the ANFIS network, the outputT of proposed control can express as (27) where θ d is the desired angle, e = θ − θ d ,ė =θ −θ d . k 1 and k 2 are positive real numbers. η is the ideal approximation error of the ANFIS network. η is bounded and its bound is η 0 , η 0 = sup η . The optimal approximation weight of the ANFIS network is defined as W * , and W * is bounded. 
where
From the Eq. (28), it is obvious that η → 0, as t → ∞. That is, the error of the disturbance observer and the identification error of the ANFIS network both approximate to 0. Due to parameter identification errorW → 0 and η → 0, it results E → 0. Define following Lyapunov function as
Since the real part of matrix eigenvalues of A is negative, there exists matrix P (P = P T > 0) and matrix
Calculating the derivation of Eq. (29), we havė
Due toẆ = −Ẇ , the adaptive law is set asẆ = γ (H (x)E T PB − E Ŵ ). Substituting the adaptive law into Eq. (31), we get the following relation,
According to properties of F-norm, we have
is the minimum value of matrix Q eigenvalue and λ max (P) is the maximum value of matrix P eigenvalue, the Eq. (32) is rewritten aṡ
In order to makeV < 0, the following condition must be satisfied
It can be derived that
It revealed that the proposed method can guarantee the asymptotic stability of the system and the boundedness of the weight. That is, the boundedness of system variables are ensured. Selecting large eigenvalues of the matrix Q results small eigenvalues of the matrix P. If the upper bound of modeling error of the ANFIS network is small, the W max is small, the convergence radius of E is also small, which may make good tracking effects.
V. SIMULATION RESULTS
In this section, the 2 DOF nonlinear musculoskeletal arm model and the ANFIS-DOB control are verified by numerical simulations. Physical parameters of the musculoskeletal arm model are selected as shown in Table 1 and lengthes of each muscle are illustrated in Table 2 . Following results illustrate that designed ANFIS-DOB controller may achieve satisfied performance both in the point-to-point control and in the path tracking control. It can be described that the goal of the point-to-point process is to make the output of two joints θ 1 , θ 2 track from any arbitrary initial position to desired position. State variables of the ANFIS-DOB controller can be described as e θ1 , e θ2 , In the simulation, set b ij = 0.3,
From the results of the trajectory of reaching movements in Fig. 6 , it can be found that the end-point of the musculoskeletal arm model arrives to desired position within 1.5s and each joint remains steady when it comes to its desired position within 5s respectively. Fig.7 shows the torque of the muscles' tensile forces of two joints. Six muscle forces are displayed in Fig.8 and Fig.9 . It stated that forces mainly converge to zero in 5s. Estimations of disturbancesŵ 1 andŵ 2 in the point-to-point control are showed in Fig. 10 . 
B. PATH TRACKING CONTROL
In the path tracking simulation, the ANFIS-DOB controller attempts to make the end-point of the arm accomplish a circular trajectory tracking. The desired path equation of two angles is defined as in Eq. (37) and the duration time is set to 5s. Fig. 11 and Fig. 12 show the trajectory of the endpoint of the musculoskeletal arm model. From results, it can be concluded that it can remain stable after a short period of the fluctuation through proposed compound controller. well follow the desired trajectory as shown in Fig.11 and Fig.12. Fig.13 illustrates the torque of the muscle tensile forces of two joints. Six muscle forces are displayed in Fig.14 and Fig.15 . It stated that forces mainly converge to zero within 5s. Estimations of disturbancesŵ 1 andŵ 2 of the path tracking control are showed in Fig. 16 .
In above point-to-point process and the path tracking process, both of model uncertainties and unknown external dis- turbances are estimated by the MIMO disturbance based observer. It may directly lead to the high efficiency and accuracy of the ANFIS-DOB controller. Results show that the proposed controller may achieve accurate control of the nonlinear MIMO musculoskeletal arm model and accomplish the reaching movement. Due to the real time learning algorithm of the ANFIS network, both the adaptivity and the accuracy are enhanced.
VI. CONCLUSION
The paper presents an ANFIS-DOB control to achieve reaching movements of the human musculoskeletal arm model. A Hill-type planar arm model is adopted in order to describe tracking process of the end-point of the human arm. Due to dynamic redundancies, the musculoskeletal arm model has strong nonlinearity and uncertainties. The ANFIS-DOB may restrain both internal and external disturbances without precise mathematical model of the system. Traditional disturbance observers regard the internal disturbance and the external disturbance together as lumped disturbance. The novelty of the ANFIS-DOB is that it handles internal disturbances and external disturbances separately. Internal disturbances caused by parameter changes are suppressed by the learning algorithm of the ANFIS network. The final value observed by ANFIS-DOB is the estimation of external disturbances causing by unknown external disturbances and model uncertainties. The ANFIS-DOB controller is designed based on the proposed MIMO DOB and the ANFIS network. Numerical simulations of the point-to-point control and the path tracking control have been performed and results show that controls have high steady precision since the ANFIS-DOB controller simultaneously suppresses internal and external disturbances. The adaptivity is also increased due to the learning algorithm of the ANFIS network in real time. It can be concluded that proposed ANFIS-DOB controller may accomplish accurate tracking of any arbitrary trajectory. Future work will focus on the application of the ANFIS-DOB control to practical anthropomorphic arm system. 
